Microbially mediated biogeochemical processes are crucial for climate regulation and may be disrupted by anthropogenic contaminants. To better manage contaminants, we need tools that make real-time causal links between stressors and altered microbial functions, and the potential consequences for ecosystem services such as climate regulation. In a manipulative field experiment, we used metatranscriptomics to investigate the impact of excess organic enrichment and metal contamination on the gene expression of nitrogen and sulfur metabolisms in coastal sediments. Our gene expression data suggest that excess organic enrichment results in (i) higher transcript levels of genes involved in the production of toxic ammonia and hydrogen sulfide and (ii) lower transcript levels associated with the degradation of a greenhouse gas (nitrous oxide). However, metal contamination did not have any significant impact on gene expression. We reveal the genetic mechanisms that may lead to altered productivity and greenhouse gas production in coastal sediments due to anthropogenic contaminants. Our data highlight the applicability of metatranscriptomics as a management tool that provides an immense breadth of information and can identify potentially impacted process measurements that need further investigation.
Introduction
Microbial communities are widely distributed across all biomes and their functioning maintains balanced biogeochemical cycling and ecosystem services. However, stress from human activities can modify the structure and/or function of microbial communities (Johnston and Roberts, 2009; Berga et al., 2012) , resulting in incomplete biogeochemical cycles and, subsequently, accumulation of intermediate metabolic products or altered rates of gas production (Schimel and Gulledge, 1998) . Such biogeochemical changes are likely to have direct repercussions for entire ecosystems (Chapin et al., 2000) . Despite the significant contribution of microbial communities to biogeochemical cycles, the causal link between human activities, microbial functional change and climate regulation remains poorly understood.
Human activities can affect the composition and productivity of coastal ecosystems (Nixon et al., 1986) by exposing these systems to multiple environmental stressors (Kennish, 2002) . Two of the most prevalent types of contaminants in coastal waterways are excess organic matter and elevated metals (Jiang et al., 2001) . These contaminants enter coastal waterways and bind to particles in the water column, eventually settling and accumulating in soft sediments (Burton and Johnston, 2010) . Accumulated contaminants may alter microbial function in sediments over large scales (Nogales et al., 2011) and result in modifications to ecosystem processes and functions (Barbier et al., 2011) . Independently, metals can have toxic effects (Babich and Stotzky, 1985; Simpson and Spadaro, 2011) and excess organic matter causes high respiration rates, low oxygen concentrations and a build-up of sulfides and ammonia (Meyer-Reil and Köster, 2000; Gray et al., 2002) . The provision of excess nutrients can thus change the rate of community functions, and activate positive feedback loops (Howarth et al., 2011) which may lead to accumulation of toxic end-products. The combined effect of organic enrichment and metals as they occur in the natural ecosystems is, however, poorly understood.
Biogeochemical metabolisms of nitrogen and sulfur play a major role in sediment productivity and are likely to be affected by urban contaminants. Nitrogen is often the main nutrient limiting marine production, and its cycling is also crucial for the removal of excess nutrients from the system (Zumft, 1997; Devol, 2015) . The sulfur cycle is commonly impacted by organic enrichment (Nizzoli et al., 2006) , and it provides important components for sulfur containing amino acids, thus directly impacting metabolic activity and growth (Khan et al., 2010) . Both nitrogen and sulfur pathways also contribute to the production of highly potent greenhouse gases -nitrous oxide and hydrogen sulfide, respectively (Kump et al., 2005; Schreiber et al., 2012) . Consequently, the impacts of anthropogenic contaminants on the metabolisms of these two important elements may also have important repercussions for climate change.
Contemporary environmental genomic tools provide us with a means to measure the structure and function of entire communities at the gene level (Urich et al., 2008; Moran, 2009) , enabling the quantification of gene expression and thus potential process rates. This provides a breadth of information which can be used to describe communities with greater accuracy than approaches using taxonomic identification (Burke et al., 2011) . Such functional information can be used to investigate community metabolism without any prior knowledge of specific functional genes. These genomic approaches can hence be used as an important first line of evidence of impact, which informs the measurement of specific processes; the end-point of such impacts being commonly measured as functional rates (e.g. gas or nutrient fluxes; Kelaher et al., 2013) .
Here, we designed an ecological field experiment to investigate the biogeochemical response of a coastal sediment microbial community to different levels of organic enrichment in combination with metal contamination using metagenomics and metatranscriptomics. We analysed pathways which are associated with the production and/or degradation of nutrients in the environment and were thus expected to be impacted by the experimental treatments, that is, nitrogen, sulfur, carbon and methane metabolisms. These pathways also play a crucial role in climate regulation. The nitrogen and sulfur metabolisms, which involve the production and consumption of a major greenhouse gas -nitrous oxide (N 2 O) -and associated toxic products -ammonia (NH 3 ) and hydrogen sulfide (H 2 S) appear to be highly impacted by our experimental treatments. Our gene expression data suggest that anthropogenic contaminants can lead to an accumulation of toxic compounds and increased levels of N 2 O in affected sediments, due to lower N 2 O reduction to N 2 . We discuss the potential implications of changes in these pathways for ecosystem productivity and climate regulation. To our knowledge, this is the first study of its kind to employ a combination of metagenomics and metatranscriptomics to describe the indirect impact of anthropogenic contaminants on estuarine microbial communities and to identify process measurements for further targeted investigation.
Results
Sediment mixtures with the following treatments were deployed in the field in benthic recruitment containers (BRCs): Control (background metals/not enriched), High metals (not enriched), Enriched (background metals) and High metals/Enriched. High metal concentrations were manipulated to represent high Sediment Quality Guideline Values (SQGVs, Simpson and Batley, 2016) and nutrient concentrations in enriched treatments were manipulated to create intermediate levels of stress in the sediment community (Hyland et al., 2005) ; both contaminant levels representative of common contamination in estuarine sediments. RNA and DNA were extracted from all sediment treatments after 4 months and sequenced. Each read was assigned to a known function. A conceptual diagram of the experimental design can be found in Fig. 1 . Experimental design. Metal and enrichment treatments were applied in a fully crossed design resulting in three replicates of each treatment. In addition to measuring the gene expression of total RNA (metatranscriptomics) and total DNA (metagenomics), dilute-acid extractable metals, total organic carbon (TOC), total Kjehldahl nitrogen (TN) and total phosphorous (TP) were determined. Fig. 1 . Genes from methane and carbon metabolism were investigated but did not show clear patterns of change in transcript levels. The results can be found in the Supporting Information in Data S1, Fig. S3 and Table S1 . Thus, this study focuses on genes from the nitrogen and sulfur metabolisms due to their involvement in nutrient degradation and simultaneous role in greenhouse gas production.
Here, we use a whole community view on gene abundance and gene expression to investigate changes in functional pathways. Sediment communities are known to be very complex and due to a lack of reference genomes for most taxa of such complex communities, taxonomic assignments would likely result in false positive taxonomic calls and lead to a restricted view of gene abundance. Through our approach, we avoid such problems and use gene abundance changes of functional genes as a proxy for altered relative abundances of genes in one or more taxa in the community. Thus, gene abundance changes as seen in this study are linked to community composition changes involving organisms that carry specific genes. Furthermore, our focus is on the transcriptional data (mRNA), as this represents the actual functions being performed, and we mainly use gene abundance data (DNA) to corroborate functional data.
Nitrogen metabolism
We identified a total of 5803 mRNA reads belonging to 23 different genes in nitrogen metabolic pathways in our RNA dataset. Further, we identified a total of 297 852 DNA reads belonging to 25 nitrogen metabolism genes. Enrichment significantly altered transcription and DNA levels of five and six nitrogen metabolism genes respectively ( Figs 2A and 3 All genes that were measured in our samples are depicted in the figure next to the arrows representing the process that these genes facilitate. The heatmaps depict gene expression fold changes in different treatments compared with control (C). M stands for high metal treatments, E for organically enriched treatments and ME for treatments with high metals and organic enrichment. Fold changes were calculated as follows, whereas [X] stands for the mean expression of the gene in all samples in treatment X: Fold change of M = log2([M + ME]/[C + E]); fold change of E = log2([E + ME]/[C + M]); and fold change for ME = log2([ME]/[C]). Genes that had increased transcript levels in different treatments are shown in shades of yellow, while genes with lower transcript levels are shown in shades of blue. Genes that were not detected in treatment samples but were present in control samples are shown as not detected. Also, statistical significances are shown within the heatmaps: * represents significance after false discovery rate (FDR) correction for multiple testing. A significance level of α =0.05 was applied to all tests. White numbers in black boxes at the beginning of arrows show the specific process that these reactions belong to. Genes involved in anaerobic ammonia oxidation (anammox) are not shown here, because they were not detected in our dataset. lower levels in enriched treatments; (ii) transcript and gene abundance levels of nitrous oxide reductase (nosZ), which is responsible for the reduction of nitrous oxide (N 2 O) to N 2 , significantly decreased in all enriched samples (Figs 2A and 3, Table 1 ). Anaerobic ammonia oxidation (anammox) gene expression was not detected in a sufficient number of samples to pass our data filtering steps and were therefore not included in the analyses. Overall, changes in transcript levels in enriched samples suggest a decrease in coupled nitrification/denitrification while the potential for NH 3 /NH + 4 production is increased.
Two of the differentially expressed nitrogen metabolism genes show significant changes in the same direction in both RNA and DNA datasets. Most genes, however, showed significant changes in gene abundance (DNA) but not in transcript levels (RNA) and vice versa ( Fig. 3 and Table 1 ). Fold changes of differentially expressed nitrogen metabolism genes showed that all gene counts and transcript levels either increased or decreased simultaneously (Table 1) .
Sulfur metabolism
We identified a total of 24 330 mRNA reads belonging to 22 different sulfur metabolism genes in our RNA dataset. Further, we identified a total of 496 951 DNA reads belonging to 26 sulfur metabolism genes. Enrichment significantly affected the expression of four sulfur metabolism genes, and the abundance of one gene (Figs 2B and 3 and Supporting Information Fig. S1b , Table 1 ; for detailed ANOVA results see Supporting Information Table S1 ). Transcription of the sulfite reductase gene from the assimilatory sulfate reduction (ASR) pathway (sir) was completely switched off in enriched samples; gene abundances also tended to be lower (Figs 2B and 3, Table 1 ). In contrast, transcripts of sulfite reductase genes from the dissimilatory sulfate reduction (DSR) pathway (dsrA and dsrB) significantly increased with enrichment; gene abundances tended to increase as well. However, gene abundance levels of cysI, another gene involved in DSR, decreased significantly in enriched samples, but without an effect on the transcript levels of this gene (Fig. 3 , Table 1 ). The transcripts of a gene Tables S1  and S2 . ND in the log twofold change shows that the gene was not detected in treatment samples, whereas NA shows that the gene was not detected at all. responsible for H 2 S production from thiosulfates (phsC) was found at significantly higher levels in enriched samples, while we were not able to detect this gene in the DNA dataset (Fig. 3 , Table 1 ). All five significantly affected sulfur metabolism genes showed either changes in the gene abundance or in transcript levels, but not in both datasets at the same time. As for the nitrogen metabolism genes, changes in sulfur metabolism genes, even when not significant in one dataset, showed the same direction of change in both DNA and RNA levels.
Discussion
Our study measures the functional response of sediment microbes to common multiple stressors -a combination of organic enrichment and metal contamination -in a robust field experiment. Specifically, we used metagenomics and metatranscriptomics to monitor the impact of these contaminants on the presence and activity of functional genes that are involved in nutrient degradation and are relevant to climate regulation -genes from nitrogen and sulfur metabolisms. These metabolisms directly impact the production and degradation of one of the most potent greenhouse gases -nitrous oxide (N 2 O). The abundance of the genes associated with gas production have been directly linked to the measured production of gases in soil systems (Morales et al., 2010; Philippot et al., 2011; Harter et al., 2014) ; the activity of such genes may be even more tightly linked. We used a whole community gene abundance and gene expression approach to avoid biases through false positive taxonomic calls due to incomplete reference genomes of complex communities. When we refer to changes in gene abundance, these are representative for altered community composition of taxa carrying this gene. Our findings highlight the potential impact of excess nutrients on sediment microbial communities and elucidate the underlying genetic mechanisms of potentially altered gas production.
Transcriptional versus gene abundance data
While gene abundance (DNA) data give a good insight into the functional potential of a community, transcriptional (RNA) data provide a direct measurement of function and thus enable the understanding of a community's role in ecosystem function (Aguiar-Pulido et al., 2016; Singer et al., 2017; Hassa et al., 2018) . Transcriptional data have been found to include gene sequences that are not present in corresponding gene abundance data (Shi et al., 2011) . This was not the case in our study. We did, however, find more differential transcription in comparison to differential gene abundance. Others have also found that while gene abundance and transcript levels largely coincided, functional differences were more pronounced in the transcriptional dataset (Mason et al., 2012) . In general, the use of total RNA sequencing seems to accurately represent functional changes in the sediment community in this study. However, total RNA sequencing represents some challenges, mainly due to its rapid degradation and difficulties with achieving optimal sequencing depth.
Total RNA samples consist of only about 5% mRNA reads, which results in lower sequencing depth than DNA sequencing (~2 Million reads for mRNA vs.~29.5 Million reads for DNA, Supporting Information Table S4 ). This in turn leads to consistently higher numbers of reads per gene in a DNA dataset, as seen in Supporting Information Data 1 and 2. Nevertheless, we detected only two more nitrogen and four more sulfur metabolism genes in the DNA dataset; not significantly higher numbers as might be expected. And in the case of the sulfur metabolism, we even detected more differentially expressed genes than differentially abundant genes in the DNA dataset. In all differentially expressed genes, both gene abundance and transcriptional levels showed the same changes; that is, either increased or decreased simultaneously but at different rates (Table 1, Fig. 3 ). Therefore, despite the significantly lower sequencing depth of the transcriptional data, we were able to detect all relevant genes and show whether an increased gene expression was due to altered transcriptional levels or changes in community structure. However, it is likely that we were not able to detect all transcriptional changes due to the low read counts per gene in the mRNA dataset, as for example seen for the nitrogen fixation genes (Table 1, Supporting Information Data 1 and 2). Using the DNA data in addition to RNA data, we were still able to show the potential for functional changes in such cases.
Nitrogen metabolism
Despite the increased level of nitrogen in the sediment from additions, nitrogen fixation gene abundances increased in enriched samples. Nitrogen fixation is energetically costly and is therefore usually limited. In enriched conditions, however, the breakdown of organic matter produces a high amount of energy and the provision of greater amounts of bioavailable carbon facilitates higher rates of nitrogen fixation (Herbert, 1999 ). An increase in nitrogen fixation activity is often termed 'internal eutrophication' (Smolders et al., 2006) , and directly leads to increased concentrations of ammonia/ammonium (NH 3 /NH + 4 ; Gardner and McCarthy, 2009 ). In estuarine and marine sediments, NH + 4 typically comprises >95% of the total ammonia-N (NH 3 + NH + 4 ). NH 3 is significantly more toxic than NH + 4 ; the latter contributes less than 1% to the total toxicity of ammonia-N (Batley and Simpson, 2009 ). Our gene abundance data suggest a potential for higher nitrogen fixation rates under enriched conditions, however only one gene showed a nonsignificant trend for increased gene expression. Therefore, we conclude that increased nitrogen fixation was most probably not happening at the time point of sampling, potentially due to the abundance of available N in the system. A change in nitrogen fixation rates could have occurred at an earlier time point since gene abundance levels were elevated. However, the overall lower numbers of nitrogen fixation genes found in the transcriptional data in comparison to the gene abundance, as discussed above, indicates that the non-significance of increased transcriptional levels could be due to lower sequencing depth (Supporting Information Table S4 ) and a significant change might have been detected with deeper sequencing.
Accumulated NH 3 /NH + 4 is most commonly removed from the system through coupled nitrification/denitrification, via diffusion into the overlying water column or uptake by algae at the sediment-water interface (benthic microalgae). However, our data suggest ineffective nitrification, as nitrite is increasingly converted back to NH 3 / NH + 4 − likely due to anoxic conditions of our sedimentswhich may eventually lead to a decoupling of the nitrification and denitrification processes.
NH 3 /NH + 4 can also be directly transformed into dinitrogen gas (N 2 ) through anaerobic ammonium oxidation (anammox), which simultaneously removes NO − 2 from the system Engström et al., 2005) . However, high H 2 S concentrations, as suggested by the transcriptional levels for the enriched treatments, are known to inhibit the anammox process (Thamdrup and Dalsgaard, 2002) . Unfortunately, we were not able to detect anammox genes in a sufficient number of samples and in high enough read counts to determine whether this process was impacted by our treatments. Gene expression data suggest that in enriched samples, regardless of metal content, N is most likely accumulated in the system as NH 3 /NH + 4 , lost through incomplete denitrification or detoxified by benthic microalgae.
Our data indicate that organic enrichment further led to a potentially higher rate of the dissimilatory nitrate reduction to ammonium (DNRA). This alternative pathway to denitrification (Burgin and Hamilton, 2007) produces highly bioavailable NH 3 /NH + 4 and is equally significant as denitrification for NO − 3 reduction in marine (Bernard et al., 2015) and freshwater (Burgin and Hamilton, 2008) sediments and in soils (Yang et al., 2015) . High concentrations of NH + 4 favour toxic cyanobacteria and can lead to an overall suppression of growth (Glibert et al., 2016) , while NH 3 is highly toxic; both resulting in a decrease of ecosystem productivity.
Respiratory nitrate reduction also likely decreased in enriched sediments. This suggests that NO − 3 , a highly potent fertilizer, is accumulating in the system. However, NO − 3 is unlikely to remain in the sediment, as it is converted to NH 3 /NH + 4 in the increased DNRA, or used as one of the preferred electron acceptors for sulfate reduction (sulfide production), which was increased in our enriched treatments.
Organically enriched sediments also showed a significant decrease in crucial denitrification genes. For instance, NO − 2 reduction to nitric oxide (NO) significantly decreased with organic enrichment, which suggests that NO − 2 and NO − 3 molecules were used for ammonification rather than denitrification, thus leading to a decoupling of the nitrification and denitrification processes.
The abundance levels and transcription of genes involved in N 2 O reduction to N 2 also significantly decreased with enrichment, while the production of N 2 O from NO remained unchanged. NO reduction is closely linked to NO − 2 reduction because of the highly toxic nature of NO radicals. N 2 O reduction, however, can function as an autonomous respiratory process (Zumft, 1997) . In addition, N 2 O reduction yields the least amount of energy of all nitrogen metabolism steps (Zumft, 1997) . Therefore, it is commonly one of the first genes to be downregulated when there is enough substrate present for the microbes to perform more energetically beneficial reactions. Also, many known denitrifiers are not able to reduce N further than to N 2 O; indeed very few bacteria possess the necessary gene (nosZ) for this conversion (Jones et al., 2008) . Complex processes in the water column dictate how much gas produced in sediments ultimately reaches the atmosphere (Leifer and Patro, 2002) , however, changes in functional gene abundance of nosZ, and most likely its transcript levels, directly affect the amount of N 2 O gas released, for example, from soil systems (Morales et al., 2010; Philippot et al., 2011; Harter et al., 2014) . N 2 O is a highly potent greenhouse gas with a global warming potential of approximately 300 times that of a carbon dioxide (CO 2 ) molecule (Schreiber et al., 2012) . Therefore, our data suggest that eutrophication of waterways can indirectly exacerbate climate change via increased levels of N 2 O.
We found more genes with significantly altered gene abundance than differential expression due to organic enrichment. This is not surprising, as changes on the DNA level can persist longer than changes in RNA, due to the difference in molecule stability (Nielsen et al., 2007; Moran et al., 2013) . However, the larger number of sequences available for the DNA dataset, compared with the RNA dataset (Supporting Information Table S4 ) has to be taken into account here. When more genetic information is available, more changes in gene abundance or transcription can be picked up. Differential expression of the nitrification genes seems to be based on transcriptional regulation, while differential expression of denitrification genes is accompanied by changes in gene abundance in the same direction -suggesting that an altered community composition is closely linked to the functional changes measured here.
Sulfur metabolism
Organic matter can change the sediment profile of O 2 and thus favour the use of alternative electron acceptors such as NO and CO 2 (Middelburg and Levin, 2009) . The loss of an upper oxic zone in the sediment not only decreases rates of nitrification but also favours the activity of sulfate (SO 2− 4 ) reducers. The end-product of the sulfate reduction can vary under different conditions and thus have distinct effects on the overall sediment microbial community. In our enriched treatments (with and without metals) we observed a transcriptional shift from combined assimilatory and dissimilatory sulfate reduction (ASR and DSR) to purely DSR. This means that the SO 2 − 4 was no longer transformed into organic sulfide but rather into inorganic sulfide, that is, H 2 S. Measurements of acid volatile sulfides in a parallel experiment with the same enrichment treatments confirmed the production of sulfides and suggest anoxic condition of the sediment (Sun, 2016) .
The inactivity of ASR implies a lower rate of general metabolic activity and growth that involves the production of sulfide-containing amino acids (Khan et al., 2010) . H 2 S produced through DSR is highly toxic and known to inhibit nitrifying bacteria (Joye and Hollibaugh, 1995) . Also, H 2 S inhibits NO and N 2 O reductases (Brunet and Garcia-Gil, 1996) , and therefore denitrification in general (Aelion and Warttinger, 2010) , and negatively affects anammox processes (Thamdrup and Dalsgaard, 2002) . Moreover, H 2 S promotes the activity of DNRA by favouring NO − 3 production over NO − 2 production (Kraft et al., 2014) , and by serving as an electron donor for DNRA organisms (Brunet and Garcia-Gil, 1996, Fig. 4) . Increased production of H 2 S as suggested by transcript levels in the RNA dataset thus affects the nitrogen metabolism resulting in increased NH 3 /NH + 4 and N 2 O concentrations (Fig. 4 ) and higher levels of NO 4 reduction, which leads to higher concentrations of H 2 S. These dynamic processes ultimately activate a positive feedback loop, in which the accumulation of toxic intermediate products (NH 3 and H 2 S) and a greenhouse gas (N 2 O) are significantly increased, while ecosystem productivity is likely decreased. Gene expression changes in the sulfur metabolism therefore seem to be the driver behind the observed changes in nitrogen metabolism and ultimately lead to an increased potential for greenhouse gas levels in eutrophic sediments (Fig. 4) .
The majority of differentially expressed sulfur metabolism genes in response to enrichment seem to be regulated through transcriptional alterations rather than by changes in gene abundance (Fig. 3) .
Conclusions
Our experiment demonstrates that organic enrichment can contribute to climate change through altering transcription levels of nitrogen and sulfur metabolism genes. Furthermore, functional changes could be linked to community composition as changes in transcript levels (RNA) were largely reflected by changes in gene abundances (DNA), while other differential expressions were based on transcriptional changes. In addition, a few genes showed changes in gene abundance without an accompanying differential expression, suggesting a functional change prior to the time point of sampling. This highlights that many functional changes are most likely preceded by changes in community composition and thus gene copy numbers. Our results also lend support to bioaugmentation applications, where specific microbes are added to a stressed system (Vidali, 2011) , to directly manipulate the production of toxic compounds and greenhouse gases in contaminated ecosystems.
Metal contamination did not have a significant effect on either nitrogen or sulfur metabolisms, suggesting that excess enrichment is of more concern for managers in these systems. However, metals have previously been shown to alter gene expression in sediments (Azarbad et al., 2013) . In the current experiment, an impact of metals may not have been detected because the functional changes happened at an earlier time point and had normalized after four months. Organic enrichment, on the other hand, seems to have a long-lasting functional effect on sediment communities.
To date, most ecosystem monitoring techniques are based on macroinvertebrates (Magurran et al., 2010) , algae (Reavie et al., 2010) and total microbial biomass (Dequiedt et al., 2011) . Microbial functions have largely been disregarded in such biomonitoring approaches, even though they have been shown to shift upon environmental change (Schimel et al., 2007; Dafforn et al., 2014; Chariton et al., 2016) . Our findings can also be used to target complementary process measurements such as gas fluxes for further quantitation and highlight the applicability of metatranscriptomics as an early diagnostic tool for environmental monitoring.
Experimental procedures

Sediment collection and experimental setup
Sediments for the experimental treatments were collected from two unvegetated sites in bays within 100 km from the experimental site: Botany Bay is an urbanized, but well-flushed and thus relatively clean bay (Mann et al., 2010; Simpson and Spadaro, 2011) ; and Port Kembla is an artificially constructed port with a long history of industrial contamination (He and Morrison, 2001; Dafforn et al., 2012) . We collected the sediments (grain size: >95% fines (<63 μm), total organic carbon content: 4%-5%) using a Van Veen grab from 5 m depth (Dafforn et al., 2012) . Metal concentrations were either below Australian Sediment Quality Guideline Values (SQGVs, Simpson and Batley, 2016 ; Botany Bay, Georges River, NSW, Australia), or above high SQGVs (Port Kembla, Wollongong, NSW, Australia) due to legacy contamination from industrial practices (He and Morrison, 2001) . Metal treatments comprised volume-based mixtures of these two sediments and had two levels -Control (100% Botany Bay), which had Cu, Pb and Zn concentrations below SQGVs, and High (50% Botany Bay, 50% Port Kembla), which had Cu, Pb and Zn concentrations approximately representing high SQGVs (AE 25%, Supporting Information Table S3 ). Half of each sediment mixture was then spiked with a commonly used organic fertilizer (10% dry weight, Yates Dynamic Lifter, N:P:K = 19.4:1.6:5, carbon content: 25%). The aim of fertilizer addition was to create a level of organic matter representative of intermediate stress (TOC~10 mg g −1 , Supporting Information Table S3 ), but not cause ecosystem collapse (TOC > 35 mg g −1 , Hyland et al., 2005) . Treatments were applied in a fully crossed and replicated (n = 3) design representing background metals/no enrichment (subsequently called Control), High metals (no enrichment), Enriched (background metals plus enrichment) and High metals/Enriched (Fig. 1) . The sediment mixtures were distributed into benthic recruitment containers consisting of transparent acrylic cylinders (15 cm diameter, 40 cm height) within PVC piping (15 cm diameter, 15 cm height) and frozen. We lined the base of each container with 1 kg of sand for drainage, aeration and to minimize compaction and added 2 kg of sediment mixture above the sand. We created a 10 × 10 m plot with Perspex frames on the sediment surface at a water depth of 3 m. We then distributed the benthic recruitment containers in these frames so that the treatments were randomly dispersed (Lawes et al., 2017) . The experiment was carried out in the deep euphotic zone of Chowder Bay, Australia (33 50 0 22 00 S, 151 15 0 17 00 E).
Metal and nutrient concentrations
Metal and nutrient concentrations in the four treatments were characterized at the beginning and end of the experiment by analyses of dilute-acid extractable metals, total organic carbon (TOC), total Kjehldahl nitrogen (TN) and total phosphorous (TP). Dilute-acid extractable metals analyses (1 M HCl, 60 min) were made, with appropriate QA/QC, as described previously (Simpson and Spadaro, 2011) . We measured organic contents according to the standard methods for the examination of water and wastewater: APHA 5310B, APHA 4500-NorgB and 4500-NH3C distillation/titration and USEPA 6010C/6020A ICP. Metal and nutrient concentrations in all treatments are provided in Supporting Information Table S3 .
Sample processing
Four months after deployment we retrieved the benthic recruitment containers and sampled the sediment. We chose this time point to allow the sediments to equilibrate and capture recruitment responses to the different treatments. A parallel study investigating the effect of increased organic matter on sediment community over time (Sun, 2016) revealed that community function had not reached equilibrium at the end of two months, whereas the rate of change between time points had decreased. Furthermore, we aimed to accurately represent real world sediment communities, including not only microorganisms but also the infauna. A previous six-week experiment targeting infaunal organisms in benthic recruitment containers found that this was not long enough to reach a climax infaunal community (Dafforn et al., 2013) . Hence, to allow for both the microbiota and macrobiota to stabilize under experimental conditions, we employed a field incubation time of four months. This sampling design also allowed us to investigate if treatment effects are sustained over longer time periods. Sediment samples were collected from the surface (top 2 cm).
We immediately extracted total RNA and DNA in a laboratory at Chowder Bay, from the same homogenized 1 g of sediment using a PowerSoil™ 
Sequencing numbers
Total RNA and DNA sequencing generated a mean of 40.4 million reads and 29.7 million reads, respectively, per sample (Supporting Information Table S4 ). Standard QC was performed using Cutadapt (Martin, 2011 ) with a quality cut-off value of 20. After rRNA read removal through classification using SortMeRNA (Kopylova et al., 2012) and the SILVA database, an average of 2 million mRNA reads (5% of total reads) remained. We used mRNA rather than rRNA to achieve an accurate description of the microbial community using functional genes rather than taxonomy (Burke et al., 2011) . We chose not to deplete rRNA prior to sequencing to avoid potential biases in transcript abundance (He et al., 2010; Lahens et al., 2014) . With the remaining mRNA and the DNA reads, we performed a homology search using RapSearch2 (Zhao et al., 2012) against the NCBI NR (nonredundant protein) database (Pruitt, 2004) and only used sequences with homology to annotated genes for downstream analyses. We then assigned the reads to a known Kyoto Encyclopedia of Genes and Genomes (KEGG) orthologous gene (KO) using the implementation of the MEGAN Lowest Common Ancestor algorithm implemented in blast2lca software (Huson et al., 2011) with default settings. The data processing steps used for the RNA and DNA data are provided in Supporting Information Script S1 and Script S2, respectively. We calculated total read counts of each KO per sample and normalized using the DESeq package (getVarianceStabilizedData, Anders and Huber, 2010) in R. We detected a total number of 7861 KOs and 7044 in at least one of the samples in the RNA and DNA datasets, respectively. One of the high metals/enriched replicates (sample ME2) was identified as an outlier based on overall higher read counts in the RNA dataset (Supporting Information Fig. S2 ), possibly due to degradation of the RNA (RIN of 5.9), and we thus excluded it from further analyses in both datasets. Furthermore, we only used the KOs which were detected in all samples of at least one treatment (3687 KOs, 46.9% of all detected in RNA dataset, and 6111 KOs, 86.8% of all detected in DNA dataset) to ensure that analysed genes were consistently detected. This also guaranteed that genes, which might be switched off in some treatments or expressed at levels below the detection limit implied by sequencing depth, were included. We used the read counts for every KO as a proxy for transcript levels and therefore as a measure for gene activity.
Statistical analysis
First, in the RNA dataset, we identified genes of metabolic pathways involved in greenhouse gas production: nitrogen (KEGG pathway map00910), sulfur (KEGG pathway map00920), methane (KEGG pathway map00680) and carbon (KEGG pathway map01200) metabolism (Supporting Information Data S1). Based on the RNA results, we analysed genes from the nitrogen and sulfur metabolisms in the DNA dataset (Supporting Information Data S2). Of these metabolic pathways only, the core parts which are directly involved in the production of gases and consistently detected were investigated. To test for differential expression, we performed gene-wise ANOVAs and subsequently applied false discovery rate (FDR) corrections using the Benjamini-Hochberg method to all p values in our final dataset to correct for multiple testing, before filtering out the genes of the datasets of interest in this manuscript. Using results from both RNA and DNA datasets, we could determine if a functional change was a direct consequence of altered community composition (abundance of gene in community) or if it was due to transcriptional changes. All data analysis was done using R (version 3.0.2, R Core Team, 2013) with packages DESeq (Anders and Huber, 2010) and vegan (Oksanen et al., 2017) . Plots were generated using the R package ggplot2 (Wickham, 2009) . Fig. S2 . Gene expression values for all genes included in the final dataset used for statistical analyses (detected in all samples of at least one treatment). Sample names are according to treatments: C for control, E for enriched, M for metals and ME for metals/enriched. This plot identifies sample ME2 as an outlier and justifies its exclusion from further analyses. Fig. S3 . Gene expression levels of all (a) methane metabolism genes and (b) genes involved with CO and CO 2 production that were detected in our dataset. The letters next to the gene name indicate the treatment (M = High metals, E = Enrichment) that has significantly affected the expression of that gene, whereas M + E means that both metal contaminants and organic enrichment had a significant effect and MxE indicates that there was a significant interaction between the treatments. An asterisk (*) next to the treatment letter indicates that the p value was still significant (at an α level of 0.1) after false discovery rate (FDR) correction. The horizontal bars range from the lowest to the highest measured expression value and the dot symbolizes the mean. Table S1 . mRNA -ANOVA results and false discovery rate (FDR) corrected p values (p adj ) for all treatments and genes from the (a) nitrogen, (b) sulfur, (c) methane and (d) carbon metabolisms. Table S2 . DNA -ANOVA results and false discovery rate (FDR) corrected p values (p adj ) for all treatments and genes from the (a) nitrogen, (b) sulfur, (c) methane and (d) carbon metabolisms. Table S3 . Average of total measured metals and nutrients per treatment at the beginning (T0) and end (T1) of the field experiment. Table S4 . Sequencing information per sample. Script S1. Bioinformatic data processing steps are shown for the RNA sequences. Script S2. Bioinformatic data processing steps are shown for the DNA sequences.
